Introduction
The infant mortality rate (IMR), the number of deaths in the first year of life per 1000 live births, is a widely used indicator of population health and well-being. In 2006, the overall IMR for the United States was 6.68, but mortality rates differed dramatically across racial and ethnic groups (Mathews and MacDorman, 2010) . Non-Hispanic blacks had the highest IMR at 13.35, compared to 5.58 among non-Hispanic whites. Among other racial and ethnic groups, the IMRs among American Indians/Alaska Natives (8.28) and Puerto Ricans (8.01) were greater than that of nonHispanic whites, while the IMRs for Mexicans (5.34), Central/South Americans (4.52), Cubans (5.08), and Asians/Pacific Islanders (4.55) were lower. 1 Given the well-known disparities in socio-economic status (SES) between these groups and the accumulating evidence of the malleability of infant health (see Currie, 2011 , for a thorough review), it is natural to ask "to what extent are these IMR differences related to SES differences?" It is far from clear that the answer is "largely." For example, previous studies have found that only about one-third of the black-white gap can be accounted for by the background characteristics available on birth certificates. However, given that the set of SES characteristics available on birth certificates is limited, richer data could possibly support an SES explanation for much of the black-white gap. As another example, the absence of a Hispanic-white mortality gap also fails to support a large role for SES because Hispanics are relatively disadvantaged compared to whites. However, evaluating the Hispanic-white disparity is complicated because of the larger "Hispanic paradox" -the finding that Hispanics tend to have better-than-expected health outcomes along many dimensions.
In this paper, we use U.S. micro-level Vital Statistics data from 2000 to 2004 to examine differences in infant mortality across a variety of racial and ethnic groups using the reweighting approach developed in Elder et al. (2011) to study the black-white gap. The extension to study multiple racial and ethnic groups is important because previous research has largely focused on the large and persistent black-white IMR gap but has made relatively little progress understanding its sources; a systematic comparison to other racial and ethnic gaps could help shed light on this disparity. In addition, these other racial and ethnic IMR gaps are interesting in their own right, in part because of shifting demographics in the U.S. 2 Our primary substantive findings are as follows. First, for the IMR gaps for blacks, Puerto Ricans, Asians, and Native Americans (all relative to whites), we find that three characteristics -maternal education, maternal marital status, and maternal age -are the primary drivers of the predictable gaps. We also find that these three key predictors are strongly related to poverty and income for new mothers.
Second, we further probe the IMR gaps among the high-IMR groups and find that the Native American gap is fundamentally different from the black and Puerto Rican gaps in that it emerges at much higher birth weights. Despite this difference, we further find that the part of the IMR gap that is predictable for all three groups is the part that emerges at higher birth weights.
Third, we find that infants born to Mexican mothers are not as different from the other groups as they initially seem. Specifically, large numbers of Mexican infants have foreign-born mothers, and infants of foreign-born mothers display substantial mortality advantages across several racial/ethnic groups. Although this finding raises the question of why such a foreign-born advantage exists, it also suggests that the Hispanic paradox is at least partially driven by mechanisms that are not unique to Hispanics. Moreover, we provide some evidence that the foreign-born advantage is linked in an interesting way to two of our socio-economic variables, maternal marital status and maternal education.
Overall, we conclude that the infant mortality gaps for our six racial/ ethnic groups exhibit many similarities, and these similarities suggest that socio-economic differences play a prominent role for explaining the IMR differences and even some apparent anomalies that exist.
Background and literature review
Our analysis is related to many large literatures, both within and beyond economics. Here, we focus on three of the strands that are most closely related to our research question.
The malleability of infant health
Although infant health undoubtedly has a strong genetic component (e.g., Currie and Moretti, 2007) , there has been a burgeoning of studies in recent years that have linked infant health and mortality to economic, policy, and ecological environments. See Currie (2011) for an elegant integrative review of these studies. For example, several studies have linked infant mortality to the business cycle (e.g., Ruhm, 2000; Dehejia and Lleras-Muney, 2004; Miller et al., 2009) . Interestingly, higher unemployment is linked to declines in infant mortality, with these effects partly driven by selection into who gives birth (Dehejia and Lleras-Muney, 2004 ). In addition, infant mortality has been linked to a variety of social assistance policies, including Medicaid (Currie and Gruber, 1996) , cash transfer programs (Leonard and Mas, 2008) and food assistance programs (Almond et al., 2011; Hoynes et al., 2011) . Numerous studies have also linked infant mortality to pollution in the environment (Chay and Greenstone, 2003; Chay and Greenstone, 2005; Currie and Neidell, 2005; Currie and Walker, 2011) .
SES and infant health
Numerous studies have focused explicitly on the relationship between SES and infant health. For example, Case et al. (2002) show that higher SES is associated with better health for children throughout the age distribution, including those less than 4 years old. Finch (2003) , analyzing a sample of nearly 13,000 births from 1988, finds that household income matters for infant mortality, especially at very low income levels and even when controlling for a rich set of covariates. Nepomnyaschy (2009) , using a sample of 8600 births in 2001, similarly finds an income gradient, especially for whites, in the probability of low birth weight (under 2500 g).
An important recent contribution to this literature is Hoynes et al. (2015) , who exploit variation in income arising from the expansion of the Earned Income Tax Credit (EITC) to attempt to uncover the causal effect of income on birth weight. They find that an increase of $1000 in EITC income is associated with about a 10% reduction in the number of children who are low birth weight.
IMR gaps
Large and varied literatures have investigated many aspects of IMR gaps, often concentrating on the black-white IMR gap. Numerous articles have examined whether IMR differences across groups can be predicted based on differences in the background characteristics of group members. Examples include Eberstein et al. (1990); Hummer et al. (1999 ), Miller (2003 , Frisbie et al. (2004), and Elder et al. (2011) . These studies typically use logit models with micro data, with infant death as the outcome variable and controls for various background characteristics and for racial/ethnic group; Elder et al. (2011) uses the same reweighting methods we use here. Typically, the blackwhite IMR gap remains large and significant after background variables are included.
3 Chay and Greenstone (2000) and Almond et al. (2006) show that the black-white gap declined precipitously following the 1964 Civil Rights Act, with the latter paper providing evidence that this decline was linked to the desegregation of hospitals.
To shed further light on IMR gaps, studies commonly distinguish between the part that is related to fitness at birth, as measured by birth weight and gestational age, and the part that is related to mortality rates conditional on fitness. This distinction is useful because, for example, the part of infant mortality related to fitness at birth is related to the health and behavior of the mother before the child is born, but not related to factors such as medical care after birth and the ensuing home environment. Numerous studies have found that most of the black-white IMR gap is due to differences in measures of fitness at birth, rather than due to differences in IMR conditional on fitness (e.g., Carmichael and Iyasu, 1998; Schempf et al., 2007; and Alexander et al., 2008) . Similarly, studies often distinguish between deaths in the neonatal period and the post-neonatal period, defined as the first 28 days after birth 2 Between 1996 and 2006, the share of births to non-Hispanic whites and non-Hispanic blacks fell from 60.6 to 54.1% and from 14.9 to 14.5%, respectively. In contrast, the share of births to Hispanics grew from 18.0 to 24.4%, the share to American Indians/Alaska Natives grew from 1.0 to 1.1%, and the share to Asians grew from 4.3 to 5.7% ( Martin et al., 2009). and the remainder of the first year, respectively. In examining black-white IMR gaps, both Carmichael and Iyasu (1998) and Schempf et al. (2007) find that fitness differences can more than fully account for black-white gaps in neonatal mortality but not post-neonatal mortality. Wise (2003) provides a useful conceptual discussion relating fitness, neonatal mortality, and post-neonatal mortality differences to the black-white IMR gap.
A growing literature has examined the IMR gap between whites and Hispanics, consistently finding that Hispanics have similar (or slightly lower) infant mortality rates compared to non-Hispanic whites. Frisbie and Song (2003) analyze mortality and indicators for short gestational age and low birth weight, differentiating Hispanics by country of origin and birthplace of the mother. They find that most Hispanic groups have lower IMRs than whites, with particularly large advantages for foreign-born Mexican mothers. Hummer et al. (2007) find that the relative advantage of Hispanics cannot be explained by selective out-migration, as much of the advantage develops within 1 day of birth. Powers (2013) finds that the mortality advantage exists for younger Mexican-origin mothers, but not for older ones.
Relatively little work has analyzed the high infant mortality of Native Americans. Tomashek et al. (2006) compare infant mortality by birth weight between whites and Native Americans in 1989-91 and 1998-2000 , finding that most of the excess Native American mortality can be traced to higher post-neonatal mortality conditional on birth weight. Watson (2006) finds that a series of sanitation interventions dramatically reduced the Native American-white IMR gap between 1960 and 1998.
Methods
To examine how background characteristics affect IMR gaps and their temporal components, we use inverse probability weighting to create counterfactual objects. 4 This method allows us to use a common framework to examine both simple objects like IMR gaps and more complex objects like distribution functions (discussed below). The intuition for the method is straightforward: to measure the influence of differences across groups in the distributions of characteristics, we reweight the infants in one group to match the distribution of characteristics in another group. Such a method, of course, can only align groups on observable characteristics, implying that unobservable characteristics could still be different between the groups, so that the usual concerns about inferring causality in the face of unobservable differences remain. Formally, let f(y | g) be the probability density of an outcome y for group g and let F(x | g) be the cumulative distribution of background characteristics x for group g. We may write
expressing f(y| g) as a density conditional on x integrated over the distribution of x of individuals who are in group g. This formulation highlights the potential for creating counterfactual densities by using the distribution of characteristics associated with different groups. To see this, define
as the distribution of outcomes that would result if group A retained its own mapping from characteristics to outcomes (g y|x = A) but had the group B distribution of characteristics (g x = B).
The counterfactual density in Eq. (2) can be estimated as a weighted function of the actual group A data, with weights that are simple to construct. Specifically,
where the weights ψ A→B (x) are defined as
The last equality in Eq. (4) follows from Bayes' Rule. The first fraction to the right of the equality can be estimated using a binary model (such as a logit or probit) of group membership as a function of covariates x, and the second fraction involves only the sample proportions of individuals in each group.
In our baseline empirical analysis, whites serve the role of group A, and the other racial and ethnic groups serve as group B. For each of the other groups, we pool its data with the data for whites and estimate a logit function to predict group membership as a function of x. We use the results to construct weights as in Eq. (4) for each observation in the white population. With the reweighted white population (e.g., "white infants reweighted to have the distribution of background characteristics found among blacks"), we can compute counterfactual quantities to assess predictability. For example, the gap between the counterfactual IMR and the white IMR is an estimate of how much of the black-white IMR gap is predictable based on differences in characteristics between these groups. We also present results that use other reference groups to explore the robustness of our results.
In addition to predicting differences across groups based on differences in the entire distribution of background characteristics, we also study the role of particular characteristics, such as mother's education, using the reweighting methods developed in Elder et al. (2015) . Analogous to interpreting the role of an individual covariate in a multiple regression, the method answers questions like "What would be the white birth weight distribution if white mothers had the black distribution of education while retaining their own joint distribution of all other background characteristics?".
To apply the method, we partition the set of background characteristics x into two parts, z and x −z . The variable being switched from the group A distribution to the group B distribution is denoted as z (e.g., z could be a vector of dichotomous variables denoting various levels of education), with all other background characteristics denoted as x −z . We construct weights so that the reweighted (counterfactual) population has group B's marginal distribution of z and group A's marginal distribution of x −z . We then assess the role of the variable z for the IMR gap by comparing the group A population with this newly reweighted population.
We use weights of the following form:
We calculate the weights using sample analogs of the objects on the right-hand-side of Eq. (5). For further details see Elder et al. (2015) .
Unless otherwise specified, we compute standard errors for estimated quantities with a bootstrap procedure. Specifically, we construct 100 replicate samples based on random sampling with replacement, and then compute all estimates reported in the paper for each of the replicate samples. The standard errors are then computed from the empirical distribution of the estimates across the 100 replicate samples.
The racial/ethnic mortality gaps
We discuss our two primary sources of data, the Vital Statistics data and Census data, show the mortality gaps that are the focus of our study, and then provide a detailed discussion of the observable characteristics we consider.
Our data
Our primary data are the linked birth/infant death cohort data compiled by the National Center for Health Statistics (NCHS) from 2000 through 2004. These data include information from the birth certificates of all live births occurring in the U.S. in the relevant calendar year, linked to death certificates for all infants who die within their first year of life. NCHS is unable to match a small fraction of death certificates to birth certificates (about 1%); we ignore the unmatched deaths in our analysis. We further limit our analysis to births that occur in the fifty U.S. states or the District of Columbia to mothers who reside in the U.S. 5 We classify births based on the race and ethnicity of the mother. , and Native Americans/Alaska Natives. For simplicity, we refer to these groups as whites, blacks, Mexicans, Puerto Ricans (abbreviated "PR"), Asians, and Native Americans/Alaskan Natives (abbreviated "NA/AN"), respectively. For sufficient statistical power for the smaller racial/ethnic groups, we pool births from 2000 to 2004. The smallest group, Native Americans, includes about 184,000 observations. For computational reasons, we use random samples for the largest racial/ethnic groups: 20% for whites, blacks and Mexicans, and 70% for Asians. This sampling scheme gives us the largest sample for whites (over 2.25 million), the group that we repeatedly reweight, and roughly 600,000 observations each for blacks, Mexicans and Asians. We exclude observations with missing information on race or ethnicity, maternal education, prenatal care, birth order, and previous pregnancy loss.
Despite the detailed information in VS data about the demographic and health characteristics of the mother and infant, the data contain fairly limited information related to the socio-economic status of the families. To supplement our analysis, we also use an extract from the 2000 U.S. Census that is intended to match our VS data as closely as possible. Specifically, using the 5% IPUMS version of the 2000 Census, we construct a data set of mothers of children less than 2 years old and code the available background characteristics to match our VS sample as closely as possible. Of course, this method of constructing our sample of mothers necessarily excludes those mothers whose child has already died; to the extent that infant mortality is related to SES, as our findings suggest, this exclusion means that the most disadvantaged mothers are underrepresented in our data. Table 1 presents descriptive statistics from the VS data for our infant mortality measures and background characteristics. The IMR varies widely across the groups. The overall IMR of whites in our sample was 5.35 per 1000 live births. Three groups had an IMR substantially higher: blacks at 12.35, Native Americans at 8.31, and Puerto Ricans at 7.61. In contrast, two groups had a lower IMR: Mexicans (at 5.04) and Asians (at 4.34). Most groups had about two-thirds of these infant deaths taking place during the neonatal period, although Native Americans had just under one-half during the neonatal period. Table 1 also shows tabulations from the Census data on various measures of household income and poverty. Starting with mean household income, we find some suggestive evidence that income matters: the three high-IMR groups (blacks, Puerto Ricans, and Native Americans) are among the lowest income groups ($36,402, $41,951, and $37,649, respectively) . However, Mexicans are an important anomaly: they are a low-IMR group, but have mean household income that is similar to the high-IMR groups ($40,919). If we instead examine the deep poverty measure, defined as family income being less than one-half of the official poverty line, this anomalous pattern somewhat diminishes: the three high-IMR groups have the highest deep poverty rate (blacks at 0.23, Puerto Ricans at 0.20, and Native Americans at 0.18), while Mexicans have a deep poverty rate that is lower (0.13)-albeit a rate still substantially higher than the two other low-IMR groups (whites and Asians at 0.05).
The mortality and income/poverty gaps

Defining background characteristics
Because income is not directly observable on birth certificate data, we instead must rely on other background characteristics to infer the role of income and, more generally, SES. Conceptually, we consider as background characteristics those observable attributes that are determined prior to information the mother might have received about the fitness of the fetus. Such predetermined characteristics can provide important insight into the factors that cause IMR disparities. In contrast, characteristics that are not predetermined may be endogenous in the sense that they are influenced by behavioral responses to information about fetal health. For example, information that a pregnancy is at high risk may lead to a greater number of prenatal visits, inducing a positive association between prenatal care and mortality and obscuring any causal positive effect of prenatal care. We do not treat birth weight and gestational age as background characteristics, but instead view them as other outcomes of interest.
It is important to recognize that associations between background characteristics and outcomes are only a starting point for understanding the causal mechanisms at work. For example, educational attainment may be associated with lower infant mortality because education imparts knowledge and income that aid in the production of a healthy infant, but the association might also reflect the influence of omitted maternal characteristics-such as household income-that lead to both more schooling and healthier infants. Regardless of the precise causal mechanism, characteristics that are predetermined shed light on what factors lead to different later health outcomes, without reflecting parental responses to information about the health of the fetus.
Implementing our conceptual definition of predetermined is not always straightforward due to data limitations and our desire to connect to the previous literature. We include variables that are commonly used in previous studies and clearly predetermined to information on infant fitness: maternal education, maternal age, previous pregnancy loss (either elective or spontaneous), infant gender, live birth order, and 5 We pool across the years 2000-04 because the mortality rates were relatively constant during these years and NCHS withholds state identifiers in the publicly available linked files starting in 2005. The data include a weight variable to adjust for unlinked deaths by state, but we do not apply these weights because we include state fixed effects in our key analysis. The definition of residing in the U.S. is not based on an official U.S. Citizen and Immigration Services definition, but rather on a simple question regarding where the mother actually resides; because of this broader definition of residence, this exclusion affects very few individuals -less than 0.1% of the U.S. population and less than 0.5% of each of the racial/ethnic groups we study. 6 Most states distinguish among at least several subcategories of Asian or Pacific Islander (NCHS, 2005) and infant mortality differs somewhat across subgroups. Because not all states report in the same way, we consider aggregated categories. 7 In an unpublished appendix, we present some results for Cubans and Central/South
Americans. We do not include these groups throughout the analysis because the Cuban sample is small and the Central/South American group is likely to be very heterogeneous.
plurality. 8 Two others that we examine, prenatal care and marital status, are less clearly predetermined but are often included in previous studies. In light of our concerns about prenatal care, we use only an indicator variable for whether it is begun in the first trimester. Marital status is measured at the time of birth, so it could potentially be affected by information on health of the fetus.
9
Unlike most previous studies, we also include indicator variables that identify the mother's state of residence (including the District of Columbia). Racial and ethnic groups are distributed very differently across states, and many important inputs for the production of healthy infants vary by geography, such as employment opportunities, social services, pollution, and health care access and quality. Rather than try to quantify each of the possible avenues through which states differ from each other, we took the simpler approach of including state indicators, so that unpredicted differences across groups are due to withinstate mortality differences, thereby abstracting from all such differences at the state level. We have also estimated models in which we instead include indicators for county (or county groupings for less-populated counties), which allow us to abstract from all county-level differences as well. The results (available in an unpublished appendix) changed very little compared to those using state indicators.
Are group differences predictable by background characteristics?
To illustrate the potential role of background characteristics in predicting group differences in IMR, we show how the characteristics vary by group in Table 1 . For example, Asian mothers are more likely than whites to have at least 16 years of education, they are less likely to be teenagers, and they are more likely to be married. In contrast, black mothers are twice as likely as white mothers to have not completed high school (24% versus 12%) and more than twice as likely to be less than 20 years of age at the time of the birth (18% versus 8%). There are also substantial differences by geography: about half of Mexican, Asian, and Native American births take place in the West region, 57% of black births are in the South region, and 59% of Puerto Rican births are in the Northeast region.
In order for the group differences in background characteristics to contribute to IMR differences, the background characteristics must also be predictive of our fitness and mortality outcomes of interest. The first column of Table 2 shows an OLS regression to demonstrate the predictive power of these characteristics for infant death within the white population. All background characteristics are indicator variables, so each coefficient can be interpreted as the mortality difference compared to being in the omitted category. By far, the plural birth indicator has the largest marginal effect, but because plural births are relatively rare in all groups, differences in their prevalence across groups are small. Education has large effects on the outcomes as well. Combining these large effects with the large group differences implies that education is likely to be an important predictor of IMR gaps. Age and marital status also appear to be potentially important background characteristics.
The combined role of all background characteristics
We use the reweighting methods described in Section 3 to assess how much of the gaps and components of gaps are predictable by differences in background characteristics. Reweighting the population of 12 years, 13-15 years, and N15 years), five maternal age groups (b20, 20-24, 25-29, 30-34, and N34) , and three live birth order groups (1st, 2nd/3rd, N3rd). We use single indicators for whether the infant is male, whether the birth was plural, whether the mother was married, and whether the mother experienced a previous pregnancy loss. We include observations where background characteristics were imputed, but exclude those observations where background characteristics were missing. Similarly, in the U.S. Census, we include identical measures for maternal education, maternal age, the gender of the infant, and whether the mother is married. In the Census, we are not able to include any covariates related to prenatal care and whether there was previous loss.
9 Bachu (1999) reports that among first-time mothers unmarried at conception, 30.5%
of non-Hispanic whites and 10.2% of non-Hispanic blacks were married at the time of birth in the 1990-94 period. It is unknown whether information on the health of the fetus influences the probability that an unmarried woman marries during pregnancy. See Cooksey (1990) and Akerlof et al. (1996) for analyses of the decision of pregnant women to marry. white infants creates counterfactual populations that have the same distributions of characteristics as the other groups, while retaining the white mapping from characteristics to outcomes. 10 We refer to the IMR gaps between whites and these counterfactual populations as "predicted gaps". We show the point estimates and standard errors in Table 3 and graph the point estimates in Fig. 1 . Turning to the results, the overall predicted gap for blacks is 2.54, which indicates that, of the 7.00 excess black infant deaths per 1000 live births, 2.54 are predictable from differences in the distribution of background characteristics between blacks and whites. The remaining 4.46 (7.00-2.54) of the black-white IMR gap is not predicted by the differences in background characteristics.
11
Several interesting findings emerge when comparing the gaps across groups. First, smaller shares of the overall black and Puerto Rican gaps are predicted as compared to the overall Native American and Asian gaps. For example, about 36% (2.54/7.00) of the black gap and 44% (1.01/2.27) of the Puerto Rican gap is predicted. In contrast, over twothirds of the Native American IMR gap is predicted (2.06/2.96), and the Asian IMR advantage over whites is more than completely predicted (−1.16/−1.01).
All of the specifications thus far have reweighted whites to have the background characteristics of the other groups, implying that we have been assessing the role of predicted gaps based on the mapping between background characteristics and infant mortality for whites. One way to examine the generality of our results is to instead reweight other groups to have the background characteristics of whites, thereby using the mappings of the other groups in calculating predicted gaps. Fig. 1 reveals that the two different predicted gaps are quite similar for all racial/ethnic groups but Mexicans, implying that our conclusions about predicted gaps are generally insensitive to which group's mapping is used.
12 Moreover, the differences in the predicted gaps for Mexicans shed additional light on the Hispanic paradox. Namely, it appears that the overall low mortality rate observed among Mexicans is accompanied by a compression of mortality differences across the background characteristics we study. In other words, background characteristics appear to matter less for mortality among Mexicans than they do among whites. We return to consider the Hispanic paradox directly in Section 7.
The roles of individual characteristics
We next turn to the roles of individual background characteristics in predicting IMR differences across groups, using the reweighting methods described in Section 3. Fig. 2 displays our main results graphically, and Appendix Table A2 presents detailed estimates and standard errors. The standard errors are relatively small, ranging from less than 10 Appendix Table A1 shows summary statistics for whites and these counterfactual populations. The counterfactual quantities are based on weights computed from, for example, a logit for whether an individual is black or white, according to Eq (4). As a comparison of this table to Table 1 shows, the reweighting procedure works well in terms of producing close matches in the distribution of characteristics across the various groups. 11 Elder et al. (2011) explored the robustness of the predictability of the black-white IMR gap to several factors, including different methods for handling missing data, different specifications for background characteristics, different methods of assessing predictability, and the inclusion of births beyond the first birth. Results were qualitatively similar in every case. 12 Technically, groups cannot be reweighted to look like each other unless there is "sufficient overlap" in background characteristics. In Appendix Table A3 , we show that the estimates are very similar if the samples are restricted to eliminate concerns about lack of overlap. 0.01 to 0.12. The figure shows the contribution of each background characteristic to the overall predicted racial/ethnic IMR gap with whites. The sum of the bars for each racial/ethnic group approximately equals the overall predicted IMR gap displayed in Fig. 1 . To illustrate, consider the set of bars labeled "education" in Fig. 2 . They show that if white mothers had the distribution of education of black mothers while retaining their own distribution of all other characteristics, there would be roughly 0.56 more deaths per 1000 live births among whites. Similarly, if white mothers had the distribution of education found among Mexican mothers, the white IMR would increase by 1.15. If we concentrate on the relatively high-IMR groups (blacks, Puerto Ricans, and Native Americans), Fig. 2 shows that three factors -maternal education, marital status, and age -are primarily responsible for the positive predicted gaps. If whites had the distribution of these three characteristics found in the high-IMR groups, we would predict that their IMR would be substantially higher. 13 For example, convergence in these three characteristics alone would reduce the IMR gap by 1.95 for blacks, 1.83 for Puerto Ricans, and 1.93 for Native Americans.
14 Although there is some indication in Fig. 2 of a positive effect of two other characteristics, prenatal care and birth order, these positive effects are much smaller in magnitude. In contrast, two characteristics, state and plural birth, tend to predict a negative racial/ethnic IMR gap with whites. In other words, our results suggest that the white IMR would decrease if whites had the characteristics found among the disadvantaged groups. For example, the white IMR would decrease by over 0.5 if white births were distributed across states in the same way Puerto Rican births are. To illustrate why this is the case, note that 51% of Puerto Rican births occur in three statesNew York, Florida and New Jersey -and the white IMR is 13% lower in these states as compared to the rest of the United States; however, only 8.7% of white births occurred in these three states. Similarly, whites have the highest share of plural births, and plural births are more likely to result in an infant death than is a singleton birth.
The relationship between background characteristics and SES
Our results indicate that much of the positive IMR gap that can be predicted is due to three covariates: maternal education, marital status, and age. To provide direct evidence about the extent to which these variables are related to income differences, we use our Census sample of new mothers to assess how these variables are related to three measures of SES -household income, the poverty rate, and the deep poverty rate -both adjusting and not adjusting for the other covariates. 15 The results are presented in Table 4 . Starting with the household income results that do not adjust for other covariates, the three background characteristics that predict much of the IMR gap are associated with large income differences. Married mothers have $30,932 more household income than non-married mothers, and mothers with a college degree have $63,737 more household income than mothers who have not completed high school. Large gaps remain even after adjusting for the other background characteristics: married mothers have $11,937 more household income than nonmarried mothers, and mothers with a college degree have $46,624 more household income than mothers who have not completed high school. Interestingly, maternal age is also strongly related to income differences. Comparing the lowest income group to the highest income group using the adjusted results, mothers aged 35 and above have $26,588 more income than mothers aged 20 to 24; the size of this 13 Because Asians tend to have more favorable distributions of these three variables compared to whites (mothers are more likely to be married, be older, and have more education), the predicted effect is negative. 14 Oaxaca-Blinder methods yield very similar results: the contributions for the three variables are 1.80, 1.74 and 1.85 for blacks, Puerto Ricans and Native Americans, respectively. These estimates are calculated as β 0 A ðz B −z A Þ, where zg is a vector of sample means from Table 1 and β A is the corresponding vector of coefficients from a regression of y on x among whites from Table 2. 15 Specifically, the columns labeled "unadjusted" show the results from three regressions for household income: one that only includes the married indicator, one that only includes maternal education indicators, and one that only includes the maternal age indicators. The columns labeled "adjusted" show the results from a single regression for household income in which all the available covariates (married indicator, maternal education indicators, maternal age indicators, sibling indicators, state indicators, and racial/ethnic group indicators) are included. Table A2 . Fig. 1 . Actual and predicted IMR gaps by racial/ethnic group Notes: the "Actual" bars denote the actual IMR gap between each of the labeled groups and whites, the "Predicted, white" bars denote the predicted IMR gap based on the white mapping, and the "Predicted, other" bars denote the predicted IMR gap based on the other group's mapping (e.g., the black mapping for blacks and the Mexican mapping for Mexicans). The point estimates and their standard errors are provided in Table 3. income gap by age is even bigger than the income gap by marriage. 16 These results suggest that all three of the main predictors of infant mortality are strongly related to household income. Similar patterns are apparent for the poverty and deep poverty rate results shown in the rest of the table.
While these results suggest an important role for SES through these three observable characteristics, would the role of socio-economic status be even larger if birth certificates included income itself? We explore this question by applying the methods developed in this paper to examine racial/ethnic gaps in poverty. Specifically, using our 2000 Census sample of new mothers and a set of background characteristics that are intended to be comparable to the baseline analysis, we construct a set of actual, predicted, and unpredicted deep poverty gaps for each racial/ethnic group. 17 We focus on deep poverty due to the suggestive evidence that infant mortality is disproportionately concentrated among the very poor, but the results are similar for poverty and household income. The top panel of Fig. 3 presents actual and predicted deep poverty gaps for the racial/ethnic groups defined above, following the structure used in Fig. 1 . The three high-IMR groups all have large deep poverty gaps, and, as was the case for IMR, these gaps are only partially predicted by differences in background characteristics. Although Mexicans also have a sizeable deep poverty gap, almost all of it is predicted.
The bottom panel of Fig. 3 shows a scatter plot of the unpredicted IMR gap against the unpredicted deep poverty gap. Clearly, larger unpredicted IMR gaps are associated with larger unpredicted resource gaps. While we are wary of inferring too much from an analysis based on five data points, the plot is at least suggestive that the measured effect of SES based on characteristics on the birth certificate is an underestimate of the true effect of SES. Specifically, because the covariates we have been using to study the IMR gaps leave much of the deep poverty gaps unpredicted, the inclusion of deep poverty in models of IMR could reduce the unpredicted IMR gaps we have documented. Such a conclusion is consistent with prior work using much smaller datasets that finds that income matters for birth outcomes even when controlling for other indicators of SES (Finch, 2003 , Nepomnyaschy, 2009 ).
6. Why are some gaps more predictable than others?
As pointed out above, the fractions of the black and Puerto Rican gaps that are predictable are substantially less than the fraction of the Native American gap that is predictable (36%, 44%, and 70%, respectively, based on the results reweighting whites-see Table 3 ). We also see in Table 1 that the gap in average birth weight, another infant outcome that is highly related to infant mortality, is larger for blacks and Puerto Ricans than for Native Americans.
of monotonicity is that the youngest mothers are more likely to live with their parents or other adults. 17 Using the IPUMS version of the 5% 2000 Census, we include the gender of the infant, 5 maternal age categories, 4 maternal education categories, an indicator for whether the mother is married, 3 indicators for the number of siblings, and 51 geography indicators. To examine how differences in IMR and birth weight are related, the top panel of Fig. 4 shows the cumulative IMR gap for the three groups with the highest mortality rates -blacks, Puerto Ricans, and Native Americans -across the distribution of birth weight. Specifically, each curve is constructed by calculating the number of infant deaths that occur for birth weights less than or equal to a given weight per 1000 total births, and then subtracting the corresponding number for whites. For example, the rightmost endpoint of the curve labeled "Black" in the top panel has a height of 6.9, which is the overall black-white IMR gap.
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The height of the black curve at 1000 g is roughly 4.8, meaning that roughly 70% (4.8/6.9) of the black-white gap is accounted for by deaths among infants weighing less than 1000 g.
Comparing the cumulative lines for the three high mortality rate groups shown in the figure, we see that the black-white and Puerto Rican-white IMR gaps are fairly similar, in that much of the overall gaps emerge by 1000 g. In contrast, very little of the Native American gap emerges at birth weights below 2000 g. The comparison of the Native American and Puerto Rican curves is especially striking: despite these groups having very similar mortality gaps with whites (the endpoints are close), the mortality gaps arise in much different parts of the birth weight distribution (below 1000 g for Puerto Ricans and above 2000 g for Native Americans).
The bottom panel of the figure shows cumulative curves analogous to the top panel, but based on predicted IMR gaps. Comparing the right endpoints of the corresponding curves in the two panels replicates the findings from Table 2 : a relatively small share of the full black-white gap is predictable, much of the Native Americanwhite gap is predictable, and the Puerto Rican-white gap represents an intermediate case. The important feature of the predicted IMR gap curves, though, is their similarities: much of the overall increase in the cumulative predicted IMR gaps occurs between 2000 and 4000 g. Thus, to the extent that IMR gaps can be predicted, it is the gaps that occur in the middle of the birth weight distribution.
Taken together, these results suggest both important differences and similarities between the high-IMR groups. On the one hand, the IMR gap for Native Americans is different from the gap for blacks and Puerto Ricans because the Native American gap emerges at higher birth weights. On the other hand, the predicted IMR gaps for the three groups are similar in that they emerge among those births between 2000 and 4000 g. Thus, the Native American gap is more predictable than the other two gaps because it emerges in the portion of the birth weight distribution that tends to be predictable. 
Why is the Mexican gap so different?
The predicted mortality gap for Mexicans falls between the mortality gaps of Native Americans and Puerto Ricans, yet the actual mortality gap for Mexicans is much smaller. Put another way, Mexicans, Native Americans, and Puerto Ricans have background characteristics that are associated with high IMR among whites, but only Native Americans and Puerto Ricans actually have high IMRs. This prediction of a substantial positive gap when none exists is the crux of the Hispanic paradox. Consistent with previous studies, we found that the paradox exists for Mexicans, but not for Puerto Ricans. 20 In this section, we examine the extent to which the (more aptly named) Mexican paradox depends on whether or not the mother is foreign-born, which has also been found to be important in numerous studies (e.g., Singh and Yu, 1996; David and Collins, 1997; and Pallotto et al., 2000) . As in previous sections, we concentrate on whether our findings are consistent across various racial/ethnic groups.
The top row of Table 5 provides information about the size of the foreign-born group for each of the racial/ethnic groups. The share of mothers born outside the U.S. varies widely across groups, with particularly large shares for Asians, Mexicans and Puerto Ricans.
The next set of rows of Table 5 shows the difference in IMR for foreign-born mothers versus U.S.-born mothers for each of our racial/ethnic groups, both with and without adjusting for our other background characteristics. In every case, we find that the IMR is lower for foreign-born mothers, although the advantage for foreign-born mothers is statistically significant only for whites, blacks, and Mexicans when we adjust for background characteristics. Even so, it is clear from these results that the advantage of foreignborn mothers is a phenomenon that goes beyond Mexican-born mothers.
In the lower panel of Table 5 , we repeat the reweighting analysis from Table 3 in two ways to demonstrate the importance of foreignborn mothers to our analysis. The first way simply adds a "foreignborn mother" indicator to the set of covariates. Because a small number of observations are necessarily dropped due to missing data on the birthplace of the mother, we first show the actual IMR gaps and the predicted IMR gaps using the baseline characteristics and the 18 The black-white IMR gap reported in Table 2 is 7.0. The difference between that gap and the 6.9 end-point of the figure arises because the figure necessarily drops those observations with missing birth weight. 19 In an unpublished appendix, we decompose the mortality gaps into three distinct temporal components -a birth weight component, a neonatality component, and a post-neonatality component -and assess predictability of each component with similar methods. The results verify that mortality differences due to birth weight distribution differences are relatively unpredictable. In addition, we show that the results are similar if gestational age is used as a measure of fitness at birth rather than birth weight. 20 In an unpublished appendix, we show results for Cubans and Central/South Americans that mimic the results for Mexicans: they have negative actual IMR gaps, these actual gaps are much smaller than their predicted gaps, and the inclusion of a foreign-born indicator reduces the difference between the actual and predicted gaps. new samples. These gaps differ only slightly from those shown in Table 3 , and the crux of the Hispanic paradox is still apparent: Mexicans are unique in that the actual IMR gap is much smaller than the predicted IMR gap. When the foreign-born indicator is added, the predicted IMR gap falls from 1.63 to 0.21 for Mexicans. Thus, once we account for the systematic relationship between being foreignborn and IMR among whites (recall that our preferred results use the white mapping from characteristics to outcomes), much of the paradox disappears for Mexicans: the predicted IMR gap (0.21) is now much closer to the actual IMR gap (− 0.29).
Our second analysis instead drops all foreign-born mothers in each racial/ethnic group and then repeats the reweighting analysis. 21 We first show the actual IMR gaps and then show the predicted gaps based on reweighting white mothers to have the characteristics of the U.S.-born mothers in the various racial/ethnic groups. As in the previous analysis, much of the paradox disappears: whereas the difference between the predicted and actual IMR gaps was 1.92 when all Mexican mothers were included (the difference between 1.63 and − 0.29 in the previous panel), the same difference when just U.S.-born mothers are used is 0.78 (the difference between 1.34 and 0.56). Moreover, these additional results show that much of the closing of the gap comes from U.S.-born Mexican mothers being less advantaged as foreign-born Mexican mothers with respect to mortality (an actual IMR gap of 0.56 vs. −0.29). A smaller fraction of the closing of the gap between predicted and actual IMR results from U.S.-born Mexican mothers having better observable characteristics than foreign-born Mexican mothers (a predicted IMR gap of 1.34 vs. 1.63).
Of course, these results raise the questions of (1) what is the source of the foreign-born advantage and (2) what is the source of the remaining Mexican paradox? To shed light on these remaining questions, we return to Table 2 and examine the relationships between background characteristics and infant mortality for white mothers, US-born Mexican mothers, and foreign-born Mexican mothers. These comparisons reveal that the differences arise with respect to two of the background characteristics that have been the focus of our study, maternal marital status and maternal education. For example, the infant mortality rate is 1.92 lower for married white mothers than for single white mothers, but there is essentially no difference between married and single foreignborn Mexican mothers (the difference is − 0.03); the difference between married and single U.S.-born Mexican mothers lies between these two quantities (−1.22). Similarly, the gradient with respect to education is smaller for foreign-born Mexican mothers than for white mothers; for example, the IMR is 4.01 lower for college educated white women than for white women who have not completed high school, while the same gap is only 1.38 for foreign-born Mexican mothers and takes on an intermediate value for U.S.-born Mexican mothers (2.29).
Taken together, these results suggest that the source of both the foreign-born advantage and the Mexican advantage appear to be related to two factors that emerged as being important in the previous section: the IMR disadvantage for infants born to single mothers and lesseducated mothers is smaller for both U.S.-born and foreign-born Mexican mothers than it is for white mothers.
22 Importantly, Hummer et al. (2007) conclude that a common hypothesis that might partially explain the general Hispanic paradox, and one that would relate more generally to the foreign-born advantage, is not relevant for IMR: return migration of the least healthy is unlikely to be relevant for IMR because (a) the majority of infant deaths occur in the first week of life and these infants are unlikely to travel and (b) the Mexican advantage occurs even for the 1-hour and 1-day mortality rate. Our results suggest that the explanation for the Mexican paradox instead stems from much smaller IMR disadvantages for being single or low-educated compared to whites. The sources of these smaller disadvantages are unclear, but perhaps Mexican mothers have access to better support networks to compensate for these disadvantages; alternatively, these characteristics might be less indicative of skill or labor market opportunities than they are for natives. The latter explanation might reflect a "healthy immigrant" phenomenon, whereby Mexican-born mothers giving birth in the U.S. have better unobserved characteristics than their SES would suggest.
Discussion and conclusions
We used micro-level U.S. Vital Statistics data from 2000 to 2004 and U.S. Census data from 2000 to examine differences in infant mortality rates across several racial and ethnic groups, and we examined the extent to which these differences are related to SES differences. In addition, we directly examined why the infant mortality gap for Mexican mothers is so different than the infant mortality gap for the other groups, and we provided additional insight into the nature of the unexplained portion of the mortality gaps. These analyses led to several conclusions.
First, we conclude that there appears to be a substantial role for SES when we look across all groups. Each of the three covariates that consistently predict much of the differences between groupsmaternal marital status, education and age -is strongly related to income and poverty. If whites had the distribution of these three characteristics found among the high-IMR groups, then the white infant mortality rate would increase by about 1.9. This estimate represents 21 We retain all foreign-born white mothers for this additional analysis so that all changes between this analysis and the previously reported analysis are due to dropping the foreign-born mothers in the racial/ethnic group being studied. 22 In results available from the authors, the results are similar for Asian mothers: The effect of education on IMR is much less for foreign-born Asian mothers and takes on an intermediate values for U.S.-born Asian mothers. This finding supports our interpretation that the patterns are informative about the foreign-born advantage more generally. Notes: The unadjusted foreign-born effects are the mean difference in IMR between foreign-born and non-foreign mothers. The adjusted foreign-born effects are the coefficients on the foreign born indicator from group-specific regressions of IMR on the background characteristics used in the reweighting analysis and a foreign-born indicator variable.
a substantial fraction of the IMR for whites (5.4) and of the IMR gaps for blacks (7.0), Native Americans (3.0), and Puerto Ricans (2.3).
Moreover, an additional analysis that compared the unpredicted IMR gaps to the unpredicted deep poverty gaps suggests that an even larger role for SES might be uncovered if more comprehensive measures of SES, such as income, were available on birth certificates. Second, we further probed the IMR gaps among the high-IMR groups and found that the Native American gap is fundamentally different from the black and Puerto Rican gap in that it emerges at much higher birth weights. Although the importance of low birth weight for the blackwhite gap is well-known, its importance for the Puerto Rican-white gap and its unimportance for the Native American-white gap are not. Despite these differences, we further found that much of the IMR gap that is predictable for all three groups is the part that emerges at high birth weights.
Third, we showed that even the Mexican paradox can be partially be accounted for by a common finding across various racial/ethnic groups: foreign-born mothers tend to have lower infant mortality than do their domestic-born counterparts. Further analysis then demonstrated that the differences for foreign-born and U.S.-born Mexican mothers relate to the association between infant death and maternal marital status and education, two of the socioeconomic characteristics that arose as being important for the other racial/ethnic groups.
Overall, while our results echo findings in previous studies, they suggest that many of the previous findings are far more widely applicable: the SES variables contribute to substantial mortality gaps across numerous groups; the central importance of low birth weights for IMR gaps is not just a phenomenon among blacks, but also a phenomenon among Puerto Ricans; and the mortality benefit associated with the Hispanic paradox stems to a significant extent from a foreign-born advantage that is evident even among whites. Thus, our systematic comparisons of the racial/ethnic IMR gaps suggest that they are more similar than they might initially appear, and these similarities suggest that socio-economic differences play a prominent role for explaining the IMR differences. Furthermore, to the extent that SES differences are a driver of the IMR gaps, then income support and social service programs that alleviate the disadvantages associated with low SES would be more effective at reducing the gaps than perhaps previously understood. Notes: the common support results use all observations for which the white population and the respective minority population have exact matches on the baseline set of characteristics.
Unpublished Appendix Notes: these decompositions are based on the same three-component decompositions reported in Elder et al. (2011) . "Act." refers to actual gaps and their components, and "Pred." refers to gaps that result when whites are compared with the white population reweighted to have the background characteristics of the relevant group. Standard errors (in parentheses) are calculated from 100 bootstrapped replications. 
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